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Non-contact Video Based Estimation of Pulse Signal 
from Extracted Hemoglobin Information 
 
 
 
Abstract  
In this thesis, I propose an accurate remote observation of the heart rate (HR) and 
heart rate variability spectrogram (HRVS) using hemoglobin information which is 
extracted from RGB images based on a skin optics model. Non-contact HR 
measurement is getting active research area since it has great potential for 
health-care applications, medical diagnosis, and affective computing. In this thesis, 
I performed four experiments based on the extracted hemoglobin component with 
novel technique of analysis at each experiment.  
As the first experiment, Kurita and I measured HR and HRV of 4 subjects at rest 
and under cognitive stress by using the proposed method which uses the separated 
hemoglobin component. From the results of the experiments, the proposed method 
showed a high accuracy of HR detection, from 98.85% to 99.94%, compared with the 
electrocardiograph (ECG) which is assumed as the ground truth. I also confirmed 
that the proposed method is consistent with R-R interval and its HRVS taken by 
ECG compared with conventional method. 
As the second experiment, I evaluated the improvements of non-contact video 
based estimation of HRVS. I put three improvements; i) an adaptive 
non-rectangular region of interest selection using automatically detected facial 
feature points; (ii) improved peak detection from the blood volume pulse (BVP) 
signal; (iii) improved HRV calculation using the Welch FFT method. I confirmed the 
effectiveness of the improvement since the improved method is better consistent 
with the HRVS taken by ECG compared with original method. 
 As the third experiment, Yonezawa and I also showed that the proposed method 
in the first and second experiments has much potential for medical applications. It 
is known that pulse transit time (PTT) has inverse proportional relation with blood 
pressure. I estimated PTT by using temporal fluctuation of hemoglobin component 
4 
information and confirmed that the PTT has high correlation with the blood 
pressure measurement with sphygmomanometer cuff, whose R, correlation 
coefficient, was between -0.5792 to -0.7801.  
As the fourth experiment, I also proposed a video magnification method based on 
separation of the chromophore component as another novel medical application. I 
confirmed that the proposed method can amplify subtle color fluctuation and it is 
helpful to visualize distribution of blood flow. 
Through the four experiments, I confirmed that the detail skin model is effective 
for the pulse detection. The framework has much potential for not only the detection 
of vital signs but also medical applications.  
 
  
5 
Contents 
Abstract ........  .............................................................................................................. 3 
Chapter 1   Introduction ........................................................................................... 8 
1.1. Motivation ......................................................................................................... 8 
1.1.1. Non-Contact Vital Sign Measurement ....................................................... 8 
1.1.2. Overview of Active Method ........................................................................ 9 
1.1.3. Overview of Passive Method and Motivation for This Thesis ................. 10 
1.2. Thesis Aim ....................................................................................................... 11 
1.3. Thesis Outline ................................................................................................. 12 
Chapter 2   Related Works ...................................................................................... 13 
2.1. Overview of Image Based Method for the Heart Rate Detection .................. 13 
2.2. Heart Rate Variability Spectrograms ............................................................. 16 
2.3. Video-Based Detection of HR and HRVS........................................................ 16 
2.3.1. ICA Based Method for HRVS Detection Using 5 Band Camera ............. 18 
2.3.2. Remote Photoplethysmography ............................................................... 19 
2.4. Remote Measurement of Blood Pressure ....................................................... 21 
2.5. Video Magnification Method ........................................................................... 24 
Chapter 3   Chromophore Component Separation ................................................. 25 
3.1. Independent Component Analysis .................................................................. 25 
3.2. Skin Model ...................................................................................................... 28 
3.3. Estimation of Chromophore Component by ICA ............................................ 31 
3.4. Removal of Shading Component ..................................................................... 32 
Chapter 4   Non-Contact Video Based Estimation of  Heart Rate and Heart Rate 
Variability Spectrogram ............................................................................................ 34 
4.1. Aims and Motivation ....................................................................................... 34 
4.2. Detection of Blood Volume Pulse, Heart Rate Variability Spectrogram ........ 35 
4.3. Experimental Setup ........................................................................................ 39 
6 
4.4. Experimental Results ..................................................................................... 40 
4.4.1. Remote HR and HRVS Measurement with Polarized Filter ................... 40 
4.4.2. Remote BVP and HRVS Measurement without using Polarized Filter .. 41 
4.4.3. Robustness against Illumination Change ................................................ 42 
4.5. Discussion ....................................................................................................... 42 
Chapter 5   Improvements in Estimation of Heart Rate Variability using the Welch 
FFT Method ..  ............................................................................................................ 52 
5.1. Aims and Motivation ....................................................................................... 52 
5.2. Existing Framework for Heart Rate Variability Spectrograms ..................... 53 
5.3. Improvements ................................................................................................. 55 
5.3.1. ROI Setting ............................................................................................... 55 
5.3.2. Peak Detection of Blood Volume Pulse .................................................... 56 
5.3.3. Heart Rate Variability Calculation .......................................................... 57 
5.4. Experimental Setup ........................................................................................ 57 
5.5. Experimental Result ....................................................................................... 58 
5.6. Discussion ....................................................................................................... 59 
Chapter 6    Remote Measurement of Pulse Transit Time .................................... 65 
6.1. Aims and Motivation ....................................................................................... 65 
6.2. Method and Experimental Setup for BVP and PTT Measurement ............... 67 
6.3. Experimental Result ....................................................................................... 67 
6.4. Discussion ....................................................................................................... 69 
Chapter 7   Video Magnification for Biomedical Dynamic Image from 
Chromophore Component ......................................................................................... 74 
7.1. Aims and Motivation ....................................................................................... 74 
7.2. Method ............................................................................................................ 76 
7.3. Evaluation of blood flow in human face ......................................................... 77 
7.4. Pulse Detection for Medical Application ........................................................ 77 
7.5. Discussion ....................................................................................................... 79 
Chapter 8   Conclusion and Discussion .................................................................. 87 
8.1. Conclusion of the thesis .................................................................................. 87 
7 
8.2. Discussions ...................................................................................................... 89 
8.2.1. Limitations and Future Works ................................................................ 89 
8.2.2. Future Outlook ......................................................................................... 91 
References .....  ............................................................................................................ 93 
Publication List ....................................................................................................... 100 
Acknowledgement ................................................................................................... 102 
 
  
8 
Chapter 1 
 
 
Introduction 
 
 
1.1. Motivation 
1.1.1. Non-Contact Vital Sign Measurement 
With an aging population that continues to grow, it is important to reduce the cost 
of medical care and also getting important to enhance the efficiency of health care 
systems. Self-management of health condition and smart health monitoring 
systems are expected as one of the solutions to save the medical cost. To achieve 
these solutions, it is important to monitor vital signs constantly and effectively.  
Vital signs are the most basic measurements of the body's functions and the signs 
typically indicate pulse rate, blood pressure, body temperature and respiration rate. 
Until now, the vital signs have been measured by contact devices in most of case: an 
electrocardiograph (ECG) or a sphygmograph for heart rate monitoring, a 
manometer for blood pressure, and a thermometer for body temperature, thoracic 
band or the abdominal band for respiration rate. These contact devices provide 
accurate measurements which is important in medical care. However, the contact 
measurements are not useful for the daily health check since these requires the 
subject to remain still. As one of the solutions to overcome the limitation, recently 
wearable devices, e.g. smart watch, are released on the market [1,2,3]. However, 
still contact measurements are required, which restrict the frequency and 
convenience of the usage. 
  Regarding the situation, non-contact measurement of vital sign is getting active 
area of research. Heart rate is, among the several vital signs, one of the main 
targets in the research area. The remote heart rate detection technique can be
Chapter 1  Introduction 
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classified into two method; active method and passive method. The active methods 
also mainly have three ways: firstly the method using electromagnetic wave, 
secondarily the method using microwave or millimeter-wave, thirdly the method by 
speckle imaging which project laser on the skin surface. I will introduce the 
overview of active method and passive method in the next and the following 
subsection respectively. 
1.1.2. Overview of Active Method 
In this subsection, I describe the overview of the active methods for heart rate 
detection.  
The heart rate detection method based on electromagnetic wave utilize a Doppler 
radar [4,5,6,7]. The surface of human body is slightly moving by heartbeat. The 
technique detects the target’s subtle movement by analyzing the phase shift caused 
by Doppler Effect. This approach is basically used for only the measurement of 
heart rate, i.e. the average pace of heart beat in certain time (e.g. bpm: beats per 
minute). The technique is not robust against the subject’s movement such as 
posture change.  
 
Figure 1.1.  Category of the methods for non-contact heart rate detection 
Chapter 1  Introduction 
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The methods using microwave or millimeter-wave also utilize a Doppler radar in 
order to measure the heart rate based on the detection of target’s slight movement 
caused by heartbeat. The various improvements have been proposed in order to 
enhance the stability of the measurement [8, 9]. For example, Tateishi et al. [8] 
proposed the method to detect phase shift at two measure points and extract 
heartbeat component by taking the correlation between the two measurements. The 
main expected usages for this method are baby monitoring and nursing care whose 
subjects are relatively stable [10,11,12,13]. The method by millimeter–wave was 
also tried to apply for an unconfined subject [14] by tracking the chest position of 
the subject using a visual camera. In any case, the measurements using microwave 
or millimeter-wave are only for the detection of heat rate, which does not require an 
accurate heart beat detection. 
The heartbeat detection method by laser is based on so-called speckle imaging or 
laser speckle imaging. This method records the temporal fluctuations of light 
intensity using visual camera [29]. The spatial distribution of the light intensity 
create speckle pattern which is produced by the mutual interference of a set of 
wavefronts. The patterns change according by the slight movement on the surface of 
skin. This method detects heartbeat by analyzing the behavior of the speckle 
pattern. This method cannot cope with the posture change of the subject since the 
laser must be projected to the same position on the target precisely. 
1.1.3. Overview of Passive Method and Motivation for This Thesis 
In this subsection, I describe the overview of passive methods of heart rate detection 
and then I explain my motivation for this thesis. The further detail of passive 
methods will be explained in Chapter 2. 
Passive method mainly indicates the method to monitor heartbeat using visual 
camera. Skin color slightly changes periodically, since blood flow in human vessel 
changes due to the heartbeat. The method observes the subtle color fluctuation by 
using a visual camera. The passive methods have the advantages to fulfill the 
requirement of daily healthcare monitoring: “non-contact”, “non-invasive” and 
“ambulatory (unconfined)”. Hence, it is getting an active area of research recently. 
According as the advance of sensor technology, the accuracy of the heart rate 
Chapter 1  Introduction 
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measurement is getting precise. Therefore the video based method has been applied 
not only for the detection of heart rate but also heart rate variability spectrograms 
(HRVS) [15]. It is known that HRVS are useful for non-invasive monitoring of the 
autonomic nervous system [16]. The detection of HRVS make it possible to detect 
cardiac regulatory system response [17], anxiety [18], sleep patterns [19], cognitive 
stress [20,21], driver’s drowsiness [22] .  
However, currently those experiments still remain at an early stage and the 
experiments are mainly conducted under stable environment. The enhancement of 
robustness against the environmental change is required for further practical use. 
In this thesis, therefore, I propose non-contact video based monitoring method for 
heart rate and heart rate variability spectrograms by utilizing detail skin optics 
framework in order to improve accuracy of the detection, which could eventually 
lead to the enhancement of the robustness for future practical usage.  
 
1.2. Thesis Aim 
The aims of this thesis are as follows: 
 
1. To propose the method for non-contact video based monitoring of heart 
rate and heart rate variability spectrograms by utilizing skin optics 
knowledge in order to improve the accuracy of detection, which could 
eventually lead to the enhancement of the robustness for future practical 
usage. 
 
2. To propose the medical applications utilizing the framework of the 
proposed method that is based on chromophore component separation. 
In particular, I propose following two applications. 
(1) Non-contact video based measurement of pulse transit time for the 
estimation of blood pressure. 
(2) Video magnification method based on chromophore component 
separation technique for the visualization of blood vessel distribution. 
  
Chapter 1  Introduction 
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1.3. Thesis Outline 
The remainder of this thesis will cover the following material: 
 
 Chapter 2 introduces related works for video based measurement of heart rate, 
heart rate variability spectrograms, measurement of blood pressure and video 
magnification method 
Chapter 3 describes the method for skin components separation from RGB image, 
which have been proposed by Tsumura el al. [23] 
Chapter 4 describes non-contact video based estimation of heart rate (HR) and 
heart rate variability spectrogram (HRVS) utilizing the extracted hemoglobin 
information. 
Chapter 5 describes improvements of non-contact video based estimation of heart 
rate variability spectrogram (HRVS) using Welch FFT method. 
Chapter 6 describes remote estimation of blood pressure as one of the possible 
applications of the pulse wave detection based on hemoglobin information. I 
introduce video based measurement of pulse transit time (PTT) and show the 
relation between PTT and blood pressure. 
Chapter 7 proposes another medical application to visualize blood flow under the 
surface of mucus layer. The proposed method utilizes both video magnification 
framework and the estimation technique of hemoglobin component. 
Chapter 8 summarizes the conclusion and contributions of this thesis. I also 
provide the discussions for future works. 
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Chapter 2 
 
 
Related Works 
 
 
In this chapter, I introduce the related works for video based measurement of heart 
rate (HR), heart rate variability spectrograms (HRVS). I also introduce related 
works for the measurement of blood pressure and video magnification method 
which is related to a medical application described in Chapter 7. 
 
2.1. Overview of Image Based Method for the Heart Rate Detection 
Figure 2.1 shows the research history of image based HR and HRVS detection. One 
of the first usages of image-based methods for HR monitoring was laser speckle 
imaging. Da Costa recorded the deflection of a human vein due to heartbeats [29]. 
As Figure 2.2 show, the skin was directly illuminated by a HeNe laser beam in the 
neighborhood of the vein. The reflected speckle pattern was recorded using a video 
camera. The patterns change according by the slight movement on the skin surface. 
This method detects heartbeat by analyzing the behavior of the speckle pattern. 
Another pioneer work was also based on the observation of slight movement on the 
skin surface. Nakajima et al. detected the subtle movement by using image 
processing method, optical flow [24].  
Skin color also slightly changes periodically due to the heartbeat. According as 
the advance of sensor technology, it has become possible to detect such subtle color 
change. Takano and Ohta proposed a new device combining a timelapse image by a 
handy video camera and image processing on a PC, and found that it could measure 
the 30s average heart rate and respiratory rate based on the changes in the 
brightness of the ROI set around the cheek of the unrestricted subject [25]. The 
measurements were successfully conducted for the subjects with or without facial
Chapter 2  Related Works 
14 
 
 
 
Figure 2.1.  Research History of the Image Based Detection of Heart Rate (HR) and Heart 
Rate Variability Spectgrams(HRVS) 
 
 
(a)                             (b) 
Figure 2.2.  Heart Rate Monitoring based on Laser Speckle Imaging [29]. (a) Experimental 
setup. Laser projected on the same position of subject’s wrist. This method observe both 
speckle pattern and the position of the reflection of the laser. (b) Examples of the speckle 
pattern. 
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cosmetics. Verkruysse et al. demonstrated the measurement of BVP under ambient 
light using the G channel of movies captured by a consumer camera [26]. One of the 
epoch making application of image-based techniques is the “cardiocam” as it has 
been named by its authors, Poh et al. which is a low-cost technology for 
measurement of heart rate using a cheap digital imaging device such as a webcam 
[27,43]. The method extracted pulse wave from time series signal of R, G and B 
average value in region of interest (ROI) by utilizing blind source separation. 
Another image-based system has been developed by Philips Research Laboratory. A 
prototype for heart rate monitoring with a small battery and camera has been 
realized and demonstrated on professional swimmers for unrestrained heart rate 
measurement [35].  
  On the other hand, a property of heart rate variability spectrograms (HRVS) has 
been studied for a long time. Pagani et al. [16] showed that HRVS was related to the 
status of autonomic nervous system which controls involuntary body functions, such 
as breathing, blood pressure, and heartbeat. Today, HRVS is known as the 
important indicator to monitor the status of the autonomic nervous system 
non-invasively. (More detail is described in section 2.2) A few decades later form the 
pioneer work, McDuff et al. [15] demonstrated remote HRVS measurement using a 
special sensor with five color channels (16 bits/channel): red, green, blue, cyan, and 
orange (RGBCO) [30, 31]. They showed the effectiveness of their HRVS 
measurement for observation of the nervous system activity both under the 
condition at rest and under cognitive stress respectively. However, their approach 
requires the use of a five-band camera that utilizes a specialized and expensive 
image sensor. On another front, Haan et al. proposed a remote 
photoplethysmography (rPPG) measurement which is based on simple skin 
reflection model [28,32,33,34]. They showed that rPPG could monitor subject’s 
heartrate robustly even when the subject was during exercising. The method 
extract intensity component, specular component, pulse component from input RGB 
video frame. As I described above, many techniques have been proposed for 
non-contact video based estimation HR and HRVS. However, those technologies are 
still under research phase or demonstration phase by prototype. For further 
practical use, more robust technology is required.  
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2.2. Heart Rate Variability Spectrograms 
In this section, I describe the how to calculate heart rate variability spectrograms 
(HRVS) and then I explain the property of the HRVS in term of the relation between 
HRVS and autonomic nervous system.  
Figure 2.3 shows the workflow to calculate HRVS and its property. At first, (a) 
pulse wave is detected by any means of active method or passive method. The peak 
interval of the pulse wave, i.e. inter-beat interval, changes slightly over time. Hence, 
(b) By subtracting the each peak time from the previous time, a wave of heart rate 
variability is obtained. Then, (c) By performing frequency analysis on the wave of 
heart rate variability, HRVS is obtained. When this frequency analysis is performed 
repeatedly shifting the analysis window over time, you can observe the temporal 
alteration of the behavior. In most of case, the HRVS is described in heat map 
format as described in Figure 2.3.  
Heart rate variability spectrograms (HRVS) are useful for non-invasive 
monitoring of the autonomic nervous system, which controls involuntary body 
functions, such as breathing, blood pressure, and heartbeat. The low-frequency (LF) 
power in HRVS (0.05-0.15 Hz) is widely known as one of the most reliable indicators 
of sympathetic activity since the power increases under cognitive stress [16]. On the 
other hand, the high frequency (HF) power in HRVS (0.15-0.40 Hz) is an indicator of 
parasympathetic activity. It is known that parasympathetic nerve can transfer high 
frequency signal whereas sympathetic nerve cannot do that. Hence, when 
parasympathetic nerve is activated, HF component is show up affected by breathing. 
When you are at rest, HF component show up. When you are under cognitive stress, 
HF component disappear and LF component come to strong relatively. By observing 
the HF and LF components, you can estimate the subject’s stress levels. 
 
2.3. Video-Based Detection of HR and HRVS 
In this section, I describe the detail of two prior arts related to video-based detection 
of HR and HRVS. The one is ICA Based method for the detection using five 
band camera [15]. The other is a remote photoplethysmography (rPPG) [28] 
which utilize the reflection model on skin surface. 
 
Chapter 2  Related Works 
 
17 
 
 
 
  
 
Figure 2.3.  Workflow to Calculate Heart Rate Variability Spectrogram (HRVS) and the 
Property of HRVS in Term of the Relation between HRVS and status of  Autonomic 
Nervous System 
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2.3.1. ICA Based Method for HRVS Detection Using 5 Band Camera 
Figure 2.4 shows the overview of the method for the detection of HRVS using 5 band 
camera [15]. At first, 1) Facial landmarks are detected and the face regions of 
interest (ROI) are set excluding the region around eyes. Next, 2) the average values 
of each color channels are calculated in ROIs. 3) Source signals are calculated by  
 
 
(a) Method for the detection of HRVS 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
(b) Experimental Setup 
 
(c)HRVS at rest and under cognitive stress 
Figure 2.4.  Overview of the method by McDuff et al.[15] to detect heart rate variability 
spectrogram (HRVS) and the property of HRVS in term of the relation between HRVS and 
the status of autonomic nervous system 
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ICA and the signals are filtered by band-pass filter. Then, 4) a source signal is 
selected as a heartbeat signal which has significant peak of frequency between 40 
and 180 [bpm]. After that, inter-beat intervals are calculated using the selected 
source signal. Finally, 5) Heart rate variability spectrogram is calculated using the 
inter-beat intervals. The method was evaluated using 5 band camera as shown in 
Figure 2.4 (b). The evaluation results showed that the HRVS result using 5 band 
camera could observe the status of autonomic nerve activity. When the subject was 
at rest, HF component appeared. When the subject was under cognitive stress, LF 
component became strong. The result by 5 band camera was quite similar as the 
ground truth which was obtained by contact BVP sensor, whereas the conventional 
RGB camera could not observe that. 
 
2.3.2. Remote Photoplethysmography 
Figure 2.5 shows the skin reflection model of remote photoplethysmography (rPPG) 
[28]. The pixel value of in image number   in color channel  ∈ {,,} was 
modeled as  
  = ( +  + ) (2.1) 
where  is intensity of the light source during exposure time in image  for color 
channel  ,   is stationary part of the reflection of the skin,    is pulse 
component which is zero mean,  is specular component.  
This method has following features to stabilize the detection of pulse signal. 
1) Normalization by dividing the average value in each channel trying to extract 
only time-varying component by eliminating stationary component. 
2) Eliminating subject’s movement by calculating the ratio between X and Y 
component. This is based on the assumption that X and Y change equally by 
subject’s movement. 
3) Skin tone standardization by multiplying the coefficients for each RGB 
channels.  
4) Time domain filter to enhance pulse component. 
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(a) skin reflection model of rPPG 
 
 
(b) Experimental result of the conpirsion between ICA based method and rPPG 
 
Figure 2.5.  Overview of remote photoplethysmography (rPPG) [28]. (a) skin reflection 
model (b) experimental result of the conpirsion between ICA based method and rPPG. 
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As a result, this method can extract the pulse signal 	 as following. 
  =  −  (2.2) 
with  
where 
() and 
() are the standard deviation of  and  respectively.  
and  are band pass filtered value of  and . The  and  are calculated as 
following. 
  = 3 − 2 (2.4) 
  = 1.5 +  − 1.5 (2.5) 
, ,  are normalized RGB value by using the average value in time domain 
for each channels. 
 Figure 2.5 (b) shows the experimental results of the pulse rate detection by ICA 
based method and rPPG respectively. The horizontal axis indicates time, the 
vertical axis indicates pulse rate. The pulse rate by rPPG is more consistent with 
the ground truth compared with that detected by ICA based method. Haan et al. 
calmed that rPPG is superior to ICA based method regarding the experimental 
result. In this case, the permutation problem of ICA could be the possible reason for 
the adverse effect on the result by ICA based method since the pulse rate changes 
discretely and drastically.  
 
2.4. Remote Measurement of Blood Pressure 
In this section, I describe the previous study on the relation between blood pressure 
and pulse wave. With each heartbeat, blood is sent throughout our bodies. The peak 
time of each pulse wave is different according to the travel distance from the heart 
as shown in Figure 2.6. The time lug is called pulse transit time (PTT). If you know 
the length between two observation points, you can easily calculate pulse wave 
velocity (PWV) as following. 
  = Δ/	 (2.6) 
  = 
()/
() (2.3) 
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where	Δ is PTT,  is the length between two observation points. 
The Moens–Korteweg equation [69] defines pulse wave velocity (PWV) based on 
vessel and fluid characteristics as following. 
    2	
 (2.7) 
where  is the elastic modulus of vascular wall,  is the vascular wall thickness, 
 is the blood density,  is the inner radius of the vessel.  
Bramwell and Hill equation [69] also describes the relation between PWV and 
change of blood pressure. 
   
  (2.8) 
 
Figure 2.6.  Pulse transit time (PTT) and pulse wave velocity(PWV) 
 
 
Figure 2.7.  Schematic diagram of arterious 
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where 	is blood volume, Δ is the change of the blood volume, Δ is change of 
blood pressure. 
Hayashi et al. [70] showed the approximate relation between blood pressure and 
vascular diameter as following.  
 
  = 
 − 
  (2.9) 
where   and   are blood pressure,   and   are the diameter of the 
arterious at two point respectivily.  is the stiffness of t arterious. 
Kato et al. [37] showed that the Moens–Korteweg equation and Bramwell and Hill 
equation can be rewrite as following based on (2.9). 
 () = Δ	 

=

2  (2.10) 
This equation shows that the square of pulse transit time has the proportional 
relation with the blood pressure.   
As a prior art for the fundamental study on blood pressure, Sugita at el. [36] 
evaluated the relation between PTT and blood pressure by using contact device and 
confirmed the correlation coefficient -0.658 (The correlation coefficient is written as 
0.658 in the paper originally). Kato at el. [37] also evaluated the relation between 
blood pressure and pulse wave velocity which has inverse relation with PTT. The 
study also used contact devices and confirmed the high correlation as -0.848. For 
the non-contact measurement of PTT, Shao et al. [38] demonstrated non-contact 
PTT measurement using a conventional camera. The method detected pulse wave 
by the brightness of green channel in the hand and face respectively and calculated 
the PTT using the two observations. However they did not confirm the accuracy for 
the detection of blood pressure by comparing the grand truth. Murakami at el. [39] 
also measured PTT using the behavior of green channel in the regions of the hand 
and ankle, and evaluated the relation between PTT and blood pressure. They 
confirmed the high correlation coefficient such as −0.879 and −0.646 between PTT 
and blood pressure. However, they evaluated two subjects having lie-down, very 
stable subjects; that is an ideal case.  
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2.5. Video Magnification Method 
In this section, I describe the prior art of video magnification method.  
According as increase of pixel number in video, several techniques to enhance 
imperceptible small movement have been proposed. That is called motion 
magnification or video magnification. Early techniques for motion magnification in 
video were based on the tracking a pixel’s trajectory over time (Lagrangian 
approach) [40,41]. This approach is computationally expensive and difficult to 
process properly around occlusion boundaries thus resulting in artifacts. For this 
situation, W.H.Yu et al. proposed Eulerian approach for motion magnification that 
directly amplifies temporal intensity changes at a given position without the need 
for estimation of the trajectory [42]. The Eulerian video magnification (EVM) 
exaggerates the motion in video by amplifying temporal color changes at fixed 
positions.  
 Figure 2.8 shows the conceptual diagram of Eulerian video magnification (EVM) 
[42]. Each frames of input movie is blurred spatially. The blurred movie is 
multiplied by temporal band-pass filter in order to extract periodic variations which 
correspond to the cardiac cycle. After that, the component of periodic variations is 
synthesized with input movie multiplying gain factor. The approach shows the 
effectiveness to amplify slight change of facial color and can visualize the blood flow 
in human faces effectively. 
 
 
Figure 2.8.  Conceptual diagram of Eulerian video magnification (EVM) [42] 
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Chapter 3 
 
 
Chromophore Component Separation 
 
 
 
 
Estimation methods for skin components have been proposed by Tsumura el al. [23]. 
The method estimate hemoglobin, melanin, and shading components based on skin 
optics from a skin image captured by a standard RGB camera. In this chapter, I 
describe the skin model for the skin component estimation and the skin 
chromophore component separation using independent component analysis (ICA) 
 
 
3.1. Independent Component Analysis 
Independent component analysis (ICA) is a computational method for separation of 
a multivariate signal into additive subcomponents. Figure 3.1 shows the signal flow 
of ICA. 
Observation signal v is can be described as  
 v =  +  +…+  , (3.1) 
where	1,2, … , are mixing coefficient. Observation signal v is a mixture of 
original signals 	1, 2, … ,  . Each observation signal , , … ,   can be 
written by  
  = ∑ 	  , (3.2) 
where  indicates mixing coefficient.  
Accordingly, a column vector of observation signals  = [
1
,2, … ,
] can be 
written by 
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 =  , (3.3) 
where  is a column vector of source signals  = [
1
, 2, … , ] ,	  is m× n
mixture matrix. 
When the source signals , , … ,   are stochastically independent each other, 
separated signal 	 = [
	, 
	, … , 
	] can be obtained by applying independent 
component analysis to observation signals  = [,, … ,
]
. This relation can be 
represented by following formula 
 =  , (3.4) 
where  separation matrix. If mixture matrix  is known, separation matrix  is 
 . However, practically  is unknown. In this case, whitening transform is
useful. Whitening transform is a process to make observation signals uncorrelated 
and to normalize the data so that the variance is 1. In most of case, principal 
component analysis (PCA) is used for the whitening process. PCA is a statistical 
procedure that uses an orthogonal transformation to convert a set of observations of 
correlated variables into a set of values of linearly uncorrelated variables called 
principal components. When conversion matrix M is obtained by PCA, whitened 
signals   can be obtained from observation signals by calculating following 
equation. 
 =  (3.5) 
From Eq. (3.3) and (3.5), the following is obtained 
 =  =  ≡  . (3.6) 
Since whitened signals  is uncorrelated each other and the variance of each signal 
is 1, the variance of whitened signals  is
 =  !" =  = # . (3.7) 
Hence  is orthogonal matrix. Separated signal  is obtained by
 =  . (3.8) 
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Therefore, if once orthogonal matrix  is determined, you can obtain separated 
signals   from whitened signals 	. Orthogonal matrix  is estimated using 
kurtosis which is the degree of approximation between distribution of target signal 
and probability distribution model such as Gaussian distribution or binomial 
distribution. Kurtosis $%& is defined as following, where	' and ' is forth 
and second moment of observation signal respectively, σ is standard deviation of 
observation signal. 
 $%& = '' =
'
(  (3.9) 
When observation signals are Gaussian distribution, the kurtosis $%&is 3. In 
that case, Eq. (3.9) can be rewritten as  
 ' − 3' = 0 . (3.10) 
When observation signals   follow Gaussian distribution, Eq. (3.10) can be 
rewritten as following by regarding the definition of moment. 
 )!"− 3()!") = 0 , (3.11) 
where	)!" is expectation of ． 
Here the kurtosis of Gaussian distribution can be evaluate by 
 $() = )!"− 3()!") . (3.12) 
When observation signals  are random numbers that follow a normal distribution, 
$() is 0. If the distribution of the observation signal  has sharp peak at 0, 
$() is positive value. If the probability distribution density of the observation 
signals  is flat, $() is negative value. Orthogonal matrix  can be obtained 
by maximizing or minimizing$(). Therefore, you can obtain separated signals.  
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Figure 3.1.  Signal Flow of Independent Component Analysis (ICA) 
 
 
3.2. Skin Model 
In this section, I describe the relation between observation signals, i.e. RGB signal 
taken by camera, and density of chromophore components. 
Several chromophore components such as melanin, hemoglobin and bilirubin are 
related to the observation of skin. Especially densities of melanin and hemoglobin 
are important factor for skin color. Melanin chromophores are contained mainly in 
epidermis layer; hemoglobin chromophores are mainly located in dermis layer. 
Figure 3.2 shows the skin model for chromophore component separation. I use 
two-layered skin model composed of epidermis and dermis. I simplify the model 
assuming that epidermis only has chromophores of melanin and dermis only has 
chromophores of hemoglobin. The reflected light from the surface of skin consist of 
surface reflection and internal reflection. The modified Lambert-Beer law [9] is used 
to model the behavior of internal reflection. The spectral radiance 	
, ,  at the 
position 	
,  on the surface is described by 
 
, ,   ,	
	,	
	, , , 
 
m:melanin, h: hemoglobin 
(3.13) 
where λ is the wavelength,	
, ,  denotes the spectral irradiance of incident light 
at point	
, ,		
, , 	
, denote the concentration of melanin and hemoglobin 
chromophore, 	 , 	  denote absorption cross section of melanin and 
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hemoglobin respectively, and (), () denote the mean path lengths of photons 
in the epidermis and dermis layers, respectively. Polarization filters are put in front 
of the illumination and camera in the position as crossed nicols so that you can 
ignore surface reflection. Camera signals	(,),  = ,, can be modeled as 
 
 
	*, + 
	= ,-	*, +, ../. 
= 	, - 0,,)*, +, . ./. 
									(1 = 2,3,4) 
(3.14) 
where   denotes the spectral sensitivity of a camera, and k denotes the 
coefficient of camera gain. Since the spectral reflectance curve of skin is smooth and 
roughly correlated with camera sensitivity, I can approximately assume  
  ≈  −  . (3.15) 
I assume the spectral irradiance of incident light  can be written as the 
following equation. 
 , ,  = ,	. (3.16) 
Here, the factor , is related to shading information and  indicates that 
the basic color of illumination is the same at any point on the surface of the object. 
The camera signal can be rewritten as 
 
	*, + 
		= ,0,,5*, +)6.		. 
(3.17) 
By taking the logarithm of both sides of Eq.(3.17), I can derive the following 
equation. 
 	x, y = −

x, y − ℎx, y + x, y１+ 	. (3.18) 
Where 
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 	
,   log	 	
,  log	 	
,  log	 	
, 	  
 
  	 	 	 	 	 	!
  
   	 	 	 	 	 	!
  
 １  1 1 1!  
 	#	
,   log	 #	
,  $ log	 %  
 	&	
,   log	 	 log	 	 log	 	!
  
 
Therefore, the logarithm of the captured RGB signals  can be represented by 
the weighted linear combination of the three vectors	
,	 and １ with the bias 
vector  & as shown in Figure 3.3. I predefine a skin color plane using training 
data set. The logarithm of the captured RGB signals  is projected onto the skin 
color plane along with the shading vector１. From the position on the skin plane, I 
obtain the hemoglobin vector	.  
 
 
 
 
 
Figure 3.2.  Skin Model for the Estimation of Hemoglobin, Melanin, Shading 
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3.3. Estimation of Chromophore Component by ICA 
In this section, I describe how to estimate chromophore components using skin 
model described in section 3.2.  
  Melanin chromophores are contained mainly in epidermis layer; hemoglobin 
chromophores are mainly located in dermis layer. Accordingly, you can assume that 
melanin and hemoglobin are stochastically independent each other. From the Eq. 
(3.17), the logarithm of the captured RGB signals  can be represented by the 
weighted linear combination of the three vectors 	
 , 	  and １ with the bias 
vector	&.   
At first, in order to simplify the phenomena, let’s assume that the skin color 
consist of melanin component and hemoglobin component. In that case, skin color is 
on skin color plane that contains melanin vector and hemoglobin vector in Figure 
3.3. 
The logarithm of the captured RGB signals can be described as following, 
 	log	, log	, log	,  ≡ ,   !, . (3.19) 
Where !,  "x, y, "x, y , "x, y	 and "x, y  are source signal by 
melanin and hemoglobin respectively. Here, the observation signals , are three 
dimensions, whereas the source signals are two dimensions. In this case, the 
 
Figure 3.3.  Skin Color Vector and Melanin, Hemoglobin and Shading Vectors 
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dimension of observation signals 	,  should be reduced. Principal component 
analysis (PCA) can be used for the dimensionality reduction. By applying PCA to 
observation signals	,, you can define a skin color plane that contains first and 
second principal component vector. The first and second principal component 
vectors correspond to either melanin vector or hemoglobin vector respectively. The 
process can be described as following. 
 	%,  &, (3.20) 
Where M is behave as whitening matrix. Eq. (3.20) can be rewritten as following by 
using Eq. (3.19). 
 	%,  &,  & !,  '!, (3.21) 
Since ' is 2×2 orthogonal matrix according to the definition of whitening process, 
independent component analysis (ICA) is useful to estimate melanin and 
hemoglobin components. Figure 3.4 shows the signal flow for the estimation of 
melanin and hemoglobin component, which is described above. 
 
 
Figure 3.4.  Signal flow for the estimation of melanin and hemoglobin component 
 
3.4. Removal of Shading Component 
In section 3.3, we assumed that skin color only consist of melanin component and 
hemoglobin component. If the target skin region is flat, the assumption practically 
Chapter 3  Chromophore Component Separation 
 
33 
works well since we can ignore the effect by shading. However, if the target region 
has shading caused by three-dimensional shape, for example around nose or around 
eye, we have to eliminate the effect by shading. In this section, I explain how to 
remove shading component. 
As I described in section 3.2, #	x, y in Eq. (3.18) indicate shading component. 
The #	x, y	is multiplied with	１  1 1 1!. By projecting the logarithm of the 
captured RGB signals   onto the skin color plane along with the shading 
vector１, you can remove the shading component. 
 	x, y  )

x, y
 ) x, y $ #x, y１$ &	. (3.18) 
After eliminating the shading component, you can estimate melanin and 
hemoglobin component by taking the coordinate on the skin color plane using the 
method described in section 3.3. 
Figure 3.5 provides the estimation results for the melanin, hemoglobin, and 
shading components from the input image. We can see the mole and pigmented spot 
in the melanin component and pimples in the hemoglobin component. The shading 
image provides a reasonable representation of the facial structure. 
 
 
 
 
  
(a) (b) (c) (d) 
Figure 3.5.  Estimation Results of Melanin, Hemoglobin and Shading 
Component.  (a) Input image.  (b) Extracted melanin component.  (c) Extracted 
hemoglobin component.  (d) Extracted shading component. 
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Chapter 4 
 
 
Non-Contact Video Based Estimation of  
Heart Rate and Heart Rate Variability 
Spectrogram 
 
 
 
In this chapter, I describe the non-contact video based estimation of heart rate (HR) 
and heart rate variability spectrogram (HRVS) based on hemoglobin information. 
 
 
4.1. Aims and Motivation 
Non-contact video based estimation of heart rate (HR) and heart rate variability 
spectrogram (HRVS) has become an active area of research. As I described chapter 2, 
several important techniques have been proposed. McDuff et al. [15] developed a 
remote HRVS measurement technique using a special sensor with five color 
channels (16 bits/channel): red, green, blue, cyan, and orange (RGBCO) [30,31]. 
They showed the effectiveness of the remote HRVS measurement which is required 
accurate HR detection. However the usage of the method is limited since the 
method utilize specialized sensor. Haan et al. proposed remote 
photoplethysmography (rPPG) measurement which is based on simple skin model 
and showed the effectiveness recently [28,32,33,34]. As I described section 3, 
Tsumura et al. [23] have been proposed the estimation methods for skin components 
(melanin, hemoglobin, shading) based on the detail skin optics. The detail skin 
model can be expected to contribute for more precise detection of HR and HRVS, 
consequently it can be expected to lead to enhancement against environmental 
change. In this section, therefore, Kurita and I propose a method to obtain accurate 
remote observations of BVP and HRVS using a standard RGB camera based on the 
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extracted hemoglobin information. I evaluated the proposed method both with and 
without polarized filter in front of camera.  
The rest of this section is organized as follows. In Section 4.2, I outline the 
pipeline to monitor HR and HRVS based on extracted hemoglobin information from 
skin images. In Section 4.3, I describe the experimental setup. In Section 4.4 I 
explain the results of BVP detection with the proposed method, and compare them 
with ECG data as the ground truth and with the conventional method using a 
five-band camera. I also show experimental results from stress monitoring. In 
Section 4.5, I summarize this section. 
 
4.2. Detection of Blood Volume Pulse, Heart Rate Variability Spectrogram 
In this section, I describe the procedure for obtaining the BVP and HRVS based on 
the extracted hemoglobin information.  
Figure 4.1 (a) shows the example of an input frame of facial capture video for the 
estimation of the hemoglobin component. First, we estimate the hemoglobin 
component in each frame using the method described in Chapter 3 (Figure 4.1 (b)). 
In order to compensate for movement, we detect feature points by LEAR [44] facial 
landmark detector and determine the region of interest (ROI) using the feature 
points (Figure 4.1 (c).). We calculate the mean value of the hemoglobin component in 
the two ROIs in each frame. 
 
 
 
  
(a) (b) (c) 
Figure 4.1.  Facial Feature Points and ROI. (a) Input image. (b) Extracted 
hemoglobin component. (c) Resions of Interest(ROIs) for pulse detection. 
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Figure 4.2 shows the signal processing procedure for detecting the BVP and 
HRVS. In Step 1, we calculate the hemoglobin component in each frame, in the 
manner described above, and obtain the temporal variation of the hemoglobin 
component for the face. The waveform included both the BVP component, which 
corresponds to HR, and the fluctuation during the observation period which is 
caused by changes in the direction the subject is facing. In Step 2, a detrending 
technique based on the smoothness prior approach [45] is applied to the waveform 
in order to eliminate the LF fluctuations. In Step 3, we apply the detrending and a 
band-pass filter is applied to extract the heart beat components which have a 
 
Figure. 4.2.  Signal Processing to Detect Blood Volume Pulse and Heart Rate Variability Spectrogram 
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frequency between 0.75 Hz (45 beats-per-minute) and 3 Hz (180 beats-per-minute). 
Accordingly, we can obtain the BVP waveform. In Step 4, we detect the local peaks 
of the BVP waveform by comparing the signal value of the waveform with the 
neighborhoods. The red circles on the BVP waveform indicate peak heart beats. In 
Step 5, we calculate the time intervals of each peak by subtracting the peak time 
from the previous timing and form the waveform which shows the temporal 
alteration of the peak timings. Due to this process, the inter-beat intervals are 
sampled sparsely and unevenly. In order to apply a frequency analysis with sparsely 
and unevenly sampled data, we utilize Lomb-Scargle periodograms [46,47,48,49] for 
the calculation of the power spectrum in Step 6. In the analysis, we used a 
60-second window to calculate the power spectrum with steps sizes of 1 second, 
across the 120-second sampling period. 
Figure 4.3 shows examples of the HRV spectrograms obtained by the above 
method and the relationship between the HRV spectrogram and status of autonomic 
nervous system. As I explained in Section 2.3, the parasympathetic nerve is 
activated when you are relaxed. The parasympathetic nerve is influenced by the 
activity of respiratory sinus arrhythmia (RSA) whose rate is between 10 and 25 
inhalations per minute. Hence, the HF components (0.15-0.4 Hz) are increased at 
rest. On the other hand, under cognitive stress, the sympathetic nerve is activated. 
The sympathetic nerve is related to fluctuations in the blood pressure, although it is 
not influenced by the breathing rate, since the sympathetic nerve can transmit only 
very low frequency signals. Hence, the LF (0.04-0.15 Hz) powers were modulated 
under cognitive stress. By observing the HF and LF components, we can estimate 
the subject’s stress levels. 
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Figure 4.3.  Relationship between the status of autonomic nervous system and 
Heart Rate Variability Spectrogram. 
 
 
 
   
 
Figure 4.4.  Schematic diagram of experimental setup 
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4.3. Experimental Setup 
Figure 4.4 shows the experimental setup for the remote measurement of BVP and 
HRVS. The video data were taken at a distance of 3 meters from the subject by 
using a digital single-lens reflex (DSLR) camera with a sensor of the five color (i.e., 
RGBCO) channels (12 bits/channel) [30,31]. I evaluated for 4 methods: independent 
component analysis (ICA) based method [15] using RGB channels, ICA based 
method [15] using RGBCO channels, chrominance based rPPG [28] using RGB 
channels, and the proposed method based on the extracted hemoglobin information 
using RGB channels. The frame rate of the camera was 30 frames per second (fps). 
Each frame was 640 × 480 pixels.  A standard Zuiko 50 mm lens was used in our 
experiment. Each frame was saved on a laptop PC (Dell Inc. Latitude E6530, 2.4 
GHz, 3 MB cache). Artificial solar light (SERIC Ltd. SOLAX XC-100) was used to 
illuminate the face at a distance of 0.5 m from the subject.  
In the first experiment, we evaluate above 4 methods putting the polarized filters 
in front of both the illumination and the 5 band-camera under crossed-Nicols 
condition in order to simplify the condition by removing surface reflection. In the 
second experiment, we also evaluate above 4 methods without putting the polarized 
filters assuming the realistic conditions for actual usage. The measurements taken 
with the electrocardiograph (NIHON KOHDEN RMT-1000) were used for the 
ground truth. In both experiments, we obtained videos from 4 participants. The 
subjects were three Japanese males and one female aged from 21 to 48 years old. 
The experiments for each subject were conducted under the two conditions, at rest 
(not under cognitive stress) and under cognitive stress (The subjects were required 
to keep subtracting 7 from 4000) respectively. In the first experiment with polarized 
filter, the duration is 120 second and the window size of spectral analysis is 60 
seconds. In the second experiment without polarized filter, the duration is 60 second 
and the window size of spectral analysis is 30 seconds. 
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4.4. Experimental Results 
In this section, I show experimental results for remote detection of heart rate (HR) 
and heart rate variability spectrogram (HRVS).  
 
4.4.1. Remote HR and HRVS Measurement with Polarized Filter 
Figure 4.5 shows the results of the remote BVP detections and electrocardiogram 
(ECG) as ground truth. The BVPs are detected by 4 methods: independent 
component analysis (ICA) based method [15] using RGB channels, ICA based 
method [15] using RGBCO channels, chrominance based rPPG [28] using RGB 
channels, and the proposed method based on the extracted hemoglobin information 
using RGB channels. The red circles indicate local peaks of the BVP. The ECG data 
has two peaks in each pulse interval. I put red circle on the first peak as the local 
peak for the each heartbeat. Each BVP wave has 20 or 21 peaks, red circle; these 
detections work properly. 
Tables 4.1 show the heart rate (HR) detection for 4 subjects at rest and under 
cognitive stress respectively. The HR is obtained by the following equation. 
 	ℎ !"#	"!# = 60/ !$	%# "!66666666666666666 (4.1) 
Here,  !$	&%# "! is the average of the inter-beat intervals in observation time. 
Tables 4.1 also show the accuracy of HR compared with ECG data. The results show 
that the proposed method and all 3 conventional methods have over 99% accuracy 
for the HR both at rest and under cognitive stress. In detail, the proposed method 
has slightly better accuracy compared with ICA based method [15] with both RGB 
and RGBCO channels. Some of the rPPG result has better accuracy of HR than 
proposed method, some of the rPPG result dose not. At any rate, since both the 
proposed method and the conventional methods have quite high accuracy of HR , it 
is hard to judge which one is better in term of HR which does not require accrete 
peak detection.  
Figure 4.6 shows the results of the HRVS of Subject 1. Each spectrogram is 
described in heat map format. Red indicates high powers, and blue indicates low 
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power. Each results under cognitive stress shows high power of LF (0.04-0.15 Hz); 
each results at rest shows high power of HF (0.15-0.4 Hz). These features agree with 
a prior study on sympathetic activity [16]. In detail, the conventional methods, ICA 
based method with RGB, RGBCO and rPPG , show somewhat high power in HF 
(0.15-0.4 Hz) region even when subject is under cognitive stress. On the other hand, 
the proposed method does not show high power in HF region and it well agrees with 
the result of grand truth. The results at rest also show that the proposed method 
better agree with the grand truth than the conventional methods. Figure 4.7 shows 
the detail analysis of inter-beat intervals as the input of HRVS. The blue lines in 
each graphs indicate the grand truth of inter-beat intervals; the red lines shows the 
inter-beat interval detected by ICA based method using RGB, RGBCO and the 
proposed method respectively. The graphs show the inter-beat intervals under both 
condition at rest and under cognitive stress. In the both case, the proposed method 
well agree with the grand truth apparently. Table 4.2 shows the standard deviation 
of inter-beat interval’s error. Under the condition of (a) relax, for example, the error 
of the proposed method is 0.0177 seconds which is less than the conventional ICA 
based method with RGB, 0.0402 seconds, and RGBCO, 0.0267 seconds respectively. 
This is the reason why HRVS of the propose method well agree with the grand truth. 
That is, the BVP measurement based on extracted hemoglobin information as the 
proposed method can detect BVP very precisely compared with the conventional 
methods.   
 
4.4.2. Remote BVP and HRVS Measurement without using Polarized Filter 
Figure 4.8 describes the results of the HRVS of Subject 1 without putting polarized 
filter. It shows the high power of LF (0.04-0.15 Hz) under cognitive stress and HF 
(0.15-0.4 Hz) at rest successfully. I confirmed the proposed method works under the 
realistic setup.  
In the meanwhile, the results in Figure 4.8 are low resolution compared with 
Figure 4.6. This is just because of the experimental condition. I took 60-second video 
data for this evaluation. Hence I applied 30-second window to calculate the power 
spectrum with steps sizes of 1 second. This window size is less than the evaluation 
in Figure 4.6 whose window size was 60-second. This is the reason why the results 
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in Figure 4.8 are low resolution. 
 
4.4.3. Robustness against Illumination Change 
In this subsection, I describe the results of experiment for the robustness against 
environmental change. For this experiment, I simulated the illumination change for 
the input images and evaluate BVP detection. 
Figure 4.9 show the input images and the separations of hemoglobin, melanin, 
and shading component without putting the illumination change. Figure 4.10 shows 
the input images and the separations under the condition putting illumination 
change. The shading components are influenced by the illumination change. On the 
other hand, hemoglobin components and melanin components do not show any clear 
effect from the illumination change. Figure 4.11 shows the results for the 
measurement of BVP under the condition of illumination change. Table 4.3 
indicates the error of peak timing for BVP between with and without putting 
illumination change. The average error of peak timing for the proposed method is 
0.0084 seconds. This is less than 0.0272 seconds for ICA based method using RGB , 
0.0240 seconds for the ICA based using RGBCO and 0.1590 seconds for rPPG 
respectively. The proposed method eliminates the shading component through the 
process of the extraction of hemoglobin component. Therefore, the proposed method 
can expect the robustness against illumination change. 
 
4.5. Discussion 
Kurita and I proposed a novel framework for the estimation of HR and HRVS based 
on the hemoglobin information extracted from each RGB input frames. In a study 
with four subjects, the results showed that the proposed method could accurately 
estimate the HR and HRV. Especially the proposed method can get more accurate 
HRV than rPPG [28]. I also showed that the proposed method could observe the 
status of autonomic nervous system clearly. 
I also evaluated the robustness against illumination change in simulation. I 
confirmed that the proposed method could obtain accurate BVP detection compared 
with other conventional methods since the proposed method eliminates the shading 
component through the process of the extraction of hemoglobin component.  
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At last I mention the limitation and the future work. Our experiment was 
conducted in an environment with no large motions of the subjects. Evaluation 
under various conditions of illumination and movement is necessary for better 
bench mark with conventional method. An evaluation under ambient light will be 
done in a future work. We evaluated only Asian subjects in the experiment. We have 
to confirm the effectiveness of the skin component extraction for Caucasian and 
Negroid subjects as well. 
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(a) Electrocardiograph for Ground Truth (b) ICA based Method [15] using 
RGB Channels 
  
(c) ICA based Method [15] using 
RGBCO Channels 
(d) rPPG [28] 
 
 
(e) Proposed Method  
Figure 4.5.  Results of Blood Volume Pulse (BVP) Detection and Electrocardiograph Data 
for Ground Truth. (a) Electrocardiograph for Ground Truth.  (b) ICA based Method [15] 
using RGB Channels. (c) ICA based Method [15] using RGBCO Channels. (d) rPPG [28]. 
(e) Proposed Method. 
 
 
 
 
  
 
 
 
 
Table 4.1.  Accuracy of the Measured Heart Rates at Rest and under Cognitive Stress 
  
(a) Relax (b) Cognitive Stress 
Subject 
#1 
Subject 
#2 
Subject 
#3 
Subject 
#4 
Subject 
#1 
Subject 
#2 
Subject 
#3 
Subject 
#4 
Hart Rate  
[bpm]  
*beat  
per minute 
Electrocardiogram 83.63 64.40 60.78 72.75 84.61 71.82 60.97 72.19 
ICA based [15] w/ RGB 83.28 63.81 61.16 73.02 84.26 71.23 61.39 72.02 
ICA based [15] w/ RGBCO 83.43 63.85 61.04 72.99 84.38 72.10 61.31 72.10 
rPPG [28]  83.58 63.85 61.17 77.92 84.01 71.30 61.39 72.08 
Proposed method  83.50 63.87 60.08 72.81 84.74 72.06 61.30 72.15 
Accuracy  
[%] 
ICA based [15] w/ RGB 99.58 99.08 99.37 99.63 99.59 99.18 99.31 99.76 
ICA based [15] w/ RGBCO 99.76 99.15 99.57 99.67 99.73 99.61 99.44 99.88 
rPPG [28]  99.94 99.15 99.36 92.89 99.29 99.28 99.31 99.85 
Proposed method  99.84 99.18 98.85 99.92 99.85 99.67 99.46 99.94 
 
 
  
4
5
 
C
h
a
p
te
r 4
 
 
V
id
e
o
 B
a
se
d
 E
stim
a
tio
n
 o
f H
R
 a
n
d
 H
R
V
S
 
  
 
 
 
 
 
 
Figure 4.6.  Experimental Results of Heart Rate Variability Spectrograms 
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(a) Relax (b) Cognitive stress 
Figure 4.7.  Inter-beat Intervals 
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Table 4.2.  Standard Deviation of Inter-beat Interval’s Error 
 
Conventional 
RGB [15]  (sec) 
Conventional 
RGBCO[15]  
(sec) 
Proposed 
(sec) 
(a) Relax 0.0402 0.0267 0.0177 
(b) Cognitive stress 0.0399 0.0268 0.0200 
 
 
Figure 4.8.  Heart Rate Variability Spectrograms without polarized filter 
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Figure 4.9.  Input Images and the separations (Hemoglobin, Melanin, Shading) without 
having illumination change 
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Figure 4.10.  Input Images and the separations (Hemoglobin, Melanin, Shading) under the 
condition of illumination change. Shading image show the effect from the illumination 
change, whereas the hemoglobin and melanin images do not show the effect from the 
illumination change respectively. 
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(a) Proposed Method 
 
(b) ICA based Method [15]  
using RGB Channels 
 
 
 
(c)  ICA based Method [15] 
using RGBCO Channels 
 
(d) rPPG [28] 
Figure 4.11.  Results of Blood Volume Pulse (BVP) Detection under the condition of 
illumination change. (a) Proposed Method, (b) ICA based Method [15] using RGB Channels, (c) 
ICA based Method [15] using RGBCO Channels, (d) rPPG [28]. 
 
 
 
Table 4.3 The Average and the Standard Deviation of Peak Timing 
Between with and without Illumination Change 
 (a)Proposed 
Method 
 
(b) ICA based 
Method [15] 
using RGB 
Channels 
(c) ICA based 
Method [15] 
using RGBCO 
Channels 
(d) rPPG [28] 
Average 
Error 
0.0084 [sec] 0.0272 [sec] 0.0240 [sec] 0.1590 [sec] 
Standard 
Deviation 
of Error. 
0.0162 [sec] 0.0239 [sec] 0.0191 [sec] 0.2991 [sec] 
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Chapter 5 
 
 
Improvements in Estimation of Heart Rate 
Variability using the Welch FFT Method 
 
 
 
In this chapter, I describe the improvement of non-contact video based estimation of 
heart rate variability spectrogram (HRVS) using Welch FFT method. 
I propose an improved method for video-based estimation of heart rate variability. 
I introduce three advancements over previous work utilizing five-band cameras: (i) 
an adaptive non-rectangular region of interest identified using automatically 
detected facial feature points, (ii) improved peak detection within the blood volume 
pulse (BVP) signal, (iii) improved HRV calculation using the Welch periodogram. I 
apply our method to a test dataset of subjects at rest and under cognitive stress and 
show qualitative improvements in the stability of HRV spectrogram estimation. 
Although I evaluate our method using a five-band camera the method could be 
applied to video recorded with any camera. 
 
 
5.1. Aims and Motivation 
McDuff et al. [15] developed a remote heart rate variability spectrogram (HRVS) 
measurement technique using a five-band sensor: red, green, blue, cyan, and orange 
(RGBCO) [30,31]. They demonstrated that the method could capture subtle changes 
in ANS activity between individuals at rest and under cognitive stress. Though my 
evaluation for the method, I found that the remote HRVS measurement was 
sometime unstable and it has some room to improve. In this chapter, therefore, I 
propose three methodological improvements to previous work using five-band 
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cameras for remote physiological measurement: (i) an adaptive non-rectangular 
region of interest (ROI) set using automatically detected facial feature points, (ii) 
improved BVP peak detection, (iii) improved calculation of the HRVS using the 
Welch periodogram [50]. The rest of this section is organized as follows. First, I 
explain the detail of the remote extraction of the BVP and HRVS using a five-band 
camera which was proposed by McDuff et al. [15]. Second, I describe our proposed 
method for HRVS measurement and highlight the benefits over the method of 
McDuff et al. [15]. Third, I give details of the experimental setup, data collection 
and show the results of HRV detection with the proposed method using a five-band 
camera. Finally, I present our conclusions. 
 
5.2. Existing Framework for Heart Rate Variability Spectrograms 
Below I describe the detail of the remote extraction of the BVP and HRVS using the 
five-band camera which was proposed by McDuff et al. [15].  The method uses 
facial video sequences captured by a camera with five color channels (12 
bits/channel): red, green, blue, cyan, and orange (RGBCO) [30,31].  
  Figure 5.1 shows an overview of the method for calculating the HRVS from a 
facial video sequence. First, the LEAR [44] facial landmark detector was applied on 
each frame to find the x- and y- coordinates of the facial feature points. 
Using the feature points, a rectangular ROI was determined for each frame (Figure 
5.1, Step 1). Next, the average values of each color channel in the ROI were 
calculated. The resulting values form the temporal observation signals (Figure 5.1, 
Step 2). Independent component analysis (ICA) was applied to the observed color 
channel signals and five source signals extracted (Figure 5.1, Step 3). Each of the 
source signals was band-pass filtered using a Hamming window filter with low- and 
high frequency cut-offs at 45 beats-per-minute (bpm) (0.75Hz) and 180 bpm (3Hz) 
respectively. These cut-off frequencies were chosen to reflect the natural lower and 
upper limits in heart rate. The appropriate source signal was selected by calculating 
the normalized fast Fourier transform (FFT) of each source and choosing the source 
signal with the greatest FFT peak within the range 45 - 180 bpm. This signal was 
designated as the recovered BVP waveform (Figure 5.1, Step 4). Next, the 
individual pulse peaks within the BVP, and the time intervals between successive 
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peaks (known as the inter-beat intervals (IBIs)), were detected from the selected 
and filtered BVP waveform (Figure 5.1, Step 5). Finally, the HRV spectrogram was 
obtained by calculating the power spectral density of the IBIs using sequential 
overlapping windows (Figure 5.1, Step 6). 
Figure 5.2 shows the specific details of the peak detection (Figure 5.1, Step 5). 
First, the source signal was divided into subsections in the time domain. The local 
maxima, and their respective indexes, were extracted from each of the time 
intervals. Next, pulse wave peaks were selected from the local maxima according to 
the following three criteria. 
1) Local peak judgment: Each local maximum was compared with the previous and 
subsequent value in order to find peaks (the maximum had to be greater than both 
the previous and subsequent values in order to satisfy this criteria). See Figure 2 
Step 5-1. 
2) Peak value judgment: The local maxima were evaluated by comparing with a 
predefined threshold (each maximum had to be greater than the threshold to satisfy 
this criteria). See Figure 5.2 Step 5-2. 
3) Time interval judgment: The candidates for peaks which satisfy the above two 
conditions were evaluated by comparing the time intervals between them with a 
predefined time threshold (the time interval had to be greater than the threshold to 
satisfy this criteria (i.e. the peaks could not be too close together)). 
Peaks within the BVP signal were selected using the three criteria above. The time 
intervals between the peaks were calculated to form the inter-beat interval (IBI) 
signal which shows how heart beat intervals change over time. The time intervals of 
each peak are sampled unevenly as there are not regular IBIs. In order to apply a 
frequency analysis with unevenly sampled data the Lomb-Scargle periodogram [46, 
47,48,49] was used for the calculation of the power spectrum (Figure 1, Step 6). The 
Lomb–Scargle periodogram (spectral power as a function of angular frequency 
ω≡2pif>0) is defined by: 
Chapter 5  Improvements in Estimation of HRV 
55 
 
(ω) = 1
2 
∑ ℎ() − ℎ)	
( − ) ∑ 	
( − )
+
∑ ℎ() − ℎ)( − ) ∑ ( − )  
(5.1) 
where the time series of N data points ℎ() ≡ ℎ,  = 1,… ,.  
 ℎ and  are the means and variance of the data defined by following formulas: 
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Here the parameter τ is defined by:  
 τ =
1
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 
∑ 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∑ 	
2  (5.4) 
In this analysis, a 60-second window was used to calculate the power spectrum 
shifting the window with steps of one second across the sampling period. 
 
5.3. Improvements 
Below I describe our proposed method and highlight how it offers improvements for 
heart rate variability measurement over the previous method. 
5.3.1. ROI Setting 
The previous method used rectangular ROIs based on the facial feature points. In 
that case, ROIs included non-flat and shaded facial areas and were particularly 
susceptible to artifacts due to facial movement. In addition, the rectangular regions 
may well capture some of the background when the head is turned. In order to help 
avoid these problems, I put the ROI along the facial contours avoiding certain facial 
features, including the nose and mouth. For this purpose I used facial feature points 
detected using an alignment method based on regression trees [51] which can detect 
64 feature points. Figure 5.3 shows an example of the ROI segmentation. 
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5.3.2. Peak Detection of Blood Volume Pulse 
Figure 5.4 shows the criteria of the improved peak detection used to replace Step 5 
in Figure 5.1. First, the source signal is divided into subsections in the time domain. 
The local maxima, and their respective indexes, are extracted from each of the time 
intervals (Step5-1). This step is the same as previous method. Next, pulse wave 
peaks are selected from the local maxima per the following three criteria. 
1) Local peak judgment: Each local maximum is compared with the previous and 
subsequent value to find peaks (the maximum had to be greater than both the 
previous and subsequent values to satisfy the criteria). See Figure 5.4 Step 5-1. This 
criterion is the same as in the previous method. 
2) Time interval judgment: The local maxima are evaluated by comparing the time 
intervals from previous local maxima to next local maxima with a predefined time 
threshold. The time interval has to be greater than the threshold to satisfy the 
criteria. This judgement and the next selection criteria are evaluated iteratively. 
3)  Close Local Peak Selection: I check whether there are other maxima which are 
close, within the time threshold, to each candidate peak. If there are a multiple 
maxima the local peak with the highest value is selected as the peak of heartbeat.  
Figure 5.5 shows examples of the shortcoming of the previously published method 
[5] and the improved solution that our peak detection step provides. Figure 5.5 (a) 
shows that the previous method can detect local peaks correctly when the “local 
peak judgment”, “peak value judgment” and “time interval judgment” criteria act 
effectively, despite the existence of a noise artifact close to the second true peak. 
Figure 5.5 (b) shows that the previous method mistakenly detects the lower peak as 
the second pulse the since “time interval judgment” only checked the time interval 
of the candidate from the previous peak. On the other hand, our proposed method 
detects the higher peak even though there is a local maximum before it. Figure 5.5 
(c) shows that the second and third local peaks cannot be detected, as those values 
are lower than the threshold for “peak value judgment”. Our proposed method can 
detect the second and third peaks, since I eliminate the “peak value judgment” 
criteria and apply the “Close Local Peak Selection” step to select the appropriate 
local peak by comparing the value of the candidates. 
 
Chapter 5  Improvements in Estimation of HRV 
57 
5.3.3. Heart Rate Variability Calculation 
The previous method utilized the Lomb–Scargle periodogram to analyze the 
frequency domain characteristics of the heart rate variability (HRV). To enhance 
the robustness against misdetection of local peaks and the time intervals between 
them, I use the Welch periodogram for the analysis of HRV. 
The Welch periodogram for a time series of  data points ℎ(),  = 1,… ,  is 
defined by: 
 			() = 1 

()

	

 (5.5) 
where 	
() is modified periodograms given by: 
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() is data window,  is the window length, U = 

∑   is a constant and 
ℎis sampled data given by: 
 			ℎ = ℎ + 			 (5.7) 
where   is step size. I used hamming window for the data window. 
In the Welch periodogram, the signal is divided into !  fragments of length  
(overlapping: 50% in our case) and the resulting periodograms from these segments 
are averaged. The averaging of modified periodograms tends to decrease the 
variance of the estimate relative to a single periodogram estimate of the entire data 
record. 
In the process of HRV spectral analysis, a 30-second window was used to calculate 
the power spectrum calculated by the Welch periodogram shifting the window with 
step sizes of one second across the sampling period. Whilst HRV is typically 
calculated over longer signals (at least one minute) a 30 second window is sufficient 
here to demonstrate our method. 
 
5.4. Experimental Setup 
Figure 5.6 shows the experimental apparatus I used to collect data. The video data 
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of a subject’s face were taken from a distance of 4 meters with a digital single-lens 
reflex (DSLR) camera with a five color channel CMOS sensor (RGBCO) (12 
bits/channel) [30,31]. I performed experiments to measure the subjects at rest and 
under cognitive stress. The frame rate of the camera was 30 frames per second (fps). 
Each frame was 640 × 480 pixels. A standard Zuiko 50 mm lens was used in our 
experiment. Each frame was saved on a laptop PC (Dell Inc. Latitude E6530, 2.4 
GHz, 3 MB cache). An artificial solar light was placed at a distance of 2.0 m from the 
subject. 
In the experiments, I obtained videos from three participants (two Asian and one 
Caucasian). The experiments were conducted under two conditions for each subject. 
First, subjects were measured at rest (not under cognitive stress). Second, subjects 
were measured under cognitive stress; the subjects were required to keep doing 
mental arithmetic exercises. The duration of each experiment was 60 seconds. 
 
5.5. Experimental Result 
Figure 5.7 shows examples of the HRV spectrograms recovered from the camera 
measurements for one of the participants at rest. Each spectrogram is shown using 
a heat map. Red indicates high power, and blue indicates low power. The top row 
shows the results calculated using the conventional method [15], the bottom row 
shows the results calculated by the proposed method. The left column shows the 
results using a rectangular ROI, the middle column shows results of adaptive facial 
ROI and the right column shows the results calculated with a contact BVP sensor 
(the gold-standard PPG comparison). For the measurements at rest the results 
using the adaptive facial ROI show a clear peak in HF power (0.15-0.40 Hz) around 
0.3 [Hz] which is also the case in the gold-standard comparison. Whereas the results 
using the fixed rectangular ROI show noisy frequency components in a wide range 
of frequency bands. Our proposed method (bottom middle) has fewer noisy 
frequency components than that of the conventional method (upper middle). In 
Figure 5.7 the difference between the gold-standard (bottom right) and our proposed 
method (bottom middle) is the absence of LF components detected using the 
proposed method. There is still some room for improvement for remote recovery of 
the HRV spectrogram.  
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   Figure 5.8 shows examples of the HRV spectrograms recovered from the camera 
measurements for the participant under cognitive stress. The result for our 
proposed method (bottom middle) has fewer noisy frequency components than that 
of conventional method (upper middle). The result obtained using our proposed 
method (bottom middle) is very similar to the gold-standard measurement (bottom 
right). 
 
5.6. Discussion 
I have proposed a method for video-based estimation of heart rate variability (HRV) 
spectrograms using a five-band camera (RGBCO: red, green, blue, cyan, orange). 
The method shows qualitative improvement in HRV measurement over previous 
work [15].  The proposed method consists of three advancements: (i) an adaptive 
non-rectangular region of interest selection using automatically detected facial 
feature points, (ii) improved peak detection from the blood volume pulse (BVP) 
signal, (iii) improved HRV calculation using the Welch FFT method.  
I apply our proposed method to test data of subjects at rest and under cognitive 
stress. I observed that the proposed method could provide cleaner observations of 
HF components (0.15-0.40 Hz) and the results were similar to the HRV 
spectrograms calculated using a BVP contact sensor (the gold-standard 
comparison).  
  Just for information, I applied the improvement of adaptive facial ROI to the 
experiment in chapter 4.  
I acknowledge there are some limitations to this study. My experiments were 
conducted in an environment with no changes in illumination and no large head 
motions of the subjects. Evaluation under a wider variety of conditions is necessary 
for practical use. I only evaluated results on a limited number of subjects in this 
experiment and performed a qualitative evaluation. Subsequent work will confirm 
the performance over a larger number of participants and more diverse conditions. 
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Figure 5.1. Overview of the method to recover HRV spectrograms from videos. 1) Each 
frame is segmented using automatically detected facial feature points. 2) Spatial 
averages of the color channel signals are calculated over a time window to form 
observation signals. 3) ICA is performed to recover the underlying source signals. 4) The 
source containing the strongest BVP signal is selected. 5) Peaks are detected in the BVP 
waveform and inter-beat intervals extracted. 6) The HRV spectrogram is computed 
using the IBIs in successive time windows. 
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Figure 5.2.  The existing criteria used for locating peaks within the recovered 
BVP waveform [15]. 
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Figure 5.3.  ROI segmentation: a) the input frame/image, b) the detected facial feature 
points, c) the region of interest used for BVP detection. 
 
 
Figure 5.4.  I proposed a new set of criteria for BVP pulse peak detection. Using our 
proposed criteria, I compare the value of a set of candidate peaks negating the need for 
an amplitude threshold. 
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Figure 5.5.  Shortcoming of the conventional method [15] for peak detection and the 
improvements of the proposed method.  
 
 
Figure 5.6.  Experimental apparatus used for data collection. The subject was seated 
four meters from the five-band digital single lens reflex camera. An artificial solar 
light was used for illumination. 
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Figure 5.7.  Heart Rate Variability (HRV) spectrograms for a participant at rest. 
 
 
 
Figure 5.8.  Heart Rate Variability (HRV) spectrograms for a participant under cognitive stress. 
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Chapter 6  
 
 
Remote Measurement of Pulse Transit Time 
 
 
 
In this chapter, I describe the remote measurement of pulse transit time which is 
useful for the estimation of blood pressure (BP). 
Blood pressure is, in most of case, measured with a contact device called a 
sphygmomanometer cuff. Recently, some of the portable devices, such as smart 
watches [56], give the measurement for blood pressure. Even with the use of such 
devices, contact measurement is still required, which could be the limitation for 
healthcare applications. In this chapter, therefor, Yonezawa and I propose the 
remote measurement of pulse transit time (PTT) based on the hemoglobin 
information extracted from input video frame. We confirm high correlation between 
PTT measured by the proposed method and the blood pressure measured by 
sphygmomanometer cuff, whose R, correlation coefficient, is between -0.5792 to 
-0.7801. 
 
 
6.1. Aims and Motivation 
Vital signs are the most basic measurements of the body's functions. Vital signs 
typically include the measurement of: body temperature, respiration rate, pulse 
rate, blood pressure. Blood pressure is related to the functional status of heart and 
blood vessels. The measurement is crucial to detect hypertension, to prevent, 
control and follow up them. In most cases, it is measured with sphygmomanometer 
cuff, which requires the subject to remain still. It restricts the frequency and 
convenience of usage.
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With recent advances in mobile technology, some of the remote vital sign 
measurements are already in practical use or have been studied for several years. 
For example, infrared thermometer can detect body temperature remotely and 
commercially available [52,53,54]. Aoki et al. [55] proposed a non-contact 
measurement for respiration using the first generation Kinect, by extracting the 
volume of the thoracoabdominal region using the skeleton joint positions available 
from the sensor. Philips Research Lab. demonstrated non-contact measurement of 
heart rate for professional swimmers [35]. As to blood pressure, OMRON [56] 
announced the blood pressure measurement using smart watch. However it still 
requires contact measurement, which can limit the usage such as daily monitoring, 
measurement for bedridden person or that for babies. In order to expand the usage, 
it is important to measure blood pressure remotely. However it is still in research 
phase.  
As I described in Section 2.4, it is known that blood pressure can be estimated by 
the detection of Pulse Transit Time (PTT), which is the time lug of BVP between two 
parts of the body. As fundamental studies on blood pressure, Sugita at el. [36] 
evaluated the relation between PTT and blood pressure by using contact device and 
confirmed the correlation coefficient -0.658 (The correlation coefficient is written as 
0.658 in the paper originally). Kato at el. [37] also evaluated the relation between 
blood pressure and pulse wave velocity which has inverse relation with PTT. The 
study also used contact devices and confirmed the high correlation as -0.848. For 
the non-contact measurement of PTT, Shao et al. [38] and Murakami at el. [39] 
demonstrated non-contact PTT measurement using a conventional camera. 
However, the study by Shao et al. [38] did not confirm the accuracy for the detection 
of blood pressure. The study by Murakami at el. [39] evaluated the subjects having 
lie-down, very stable subjects; that is an ideal case. 
On the other hand, as I described in Chapter 4, the extracted hemoglobin 
information gives temporally precise BVP detection. In this chapter, therefore, 
Yonezawa and I propose a non-contact video based estimation for pulse transit time 
(PTT) based on the extracted hemoglobin information. The proposed method is 
aimed to obtain PTT accurately only by capturing video remotely. In section 6.2, I 
present how to extract hemoglobin information from a biological color image. In 
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section 6.3, I describe the experimental setup to obtain BVP and PTT. In section 6.4 
and 6.5, I describe the experimental results and conclusion, respectively. 
 
6.2. Method and Experimental Setup for BVP and PTT Measurement 
Figure 6.1 shows an experimental setup. We captured the video movies of the 
subject’s face and hands at distance of 1 meter using a Point Grey Grashopper3 
(GS3-U3-23S6C) camera. The each subject to do a squat exercise before capturing 
video, capture video and measure ground truth. We did this procedure illumination 
was an artificial solar light (SOLAX XC-100) at distance of 0.6 meters. All videos 
were recorded in color (30-bit RGB with 3 channels × 10 bits/channel) at 380 frames 
per second (fps) with pixel resolution of 640 × 480 and saved in AVI format on the 
laptop. Figure 4(b) shows the example of a captured frame of the experimental data. 
The subject put his head on chin-rest and forehead-rest, in order to keep the subject 
as still as possible. Using each frame, we estimate the amount of hemoglobin 
component with the method of Section 2 as shown in Figure 4(c). We set 
measurement region (ROI) on the face, right hand with pixel sizes of 120 × 120 
pixels and 70 × 70 pixels respectively. We calculated the average value of the  
hemoglobin component in each ROI. 
Figure 6.2 show the example result of the temporal change of the hemoglobin 
component in the face region and in the right hand region respectively. Each wave 
has 15 peaks in 15 seconds. You can see the difference of the peak time differences 
between the each hemoglobin component behaviors. The time lug is the pulse 
transit time (PTT). In our experiment, we detect peak timing using the frame 
number which has peak value of hemoglobin component and convert the frame 
number into time domain by the conversion with frame rate. 
 
6.3. Experimental Result 
In this section, I first explain the experimental procedure and show the 
experimental results. The purpose of the experiment is to check the feasibility of our 
PTT evaluation method. For the purpose, we measured PTT with the proposed 
method described in section 3 and also measured the blood pressure using 
conventional sphygmomanometer (OMRON HEM-7132) for ground truth. And we 
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evaluated the correlation between PTT by the proposed method and the ground 
truth. In order to evaluate a wide variety of blood pressures, we asked each subjects 
to do a squat exercise before capturing video, capture video and measure ground 
truth. We did this procedure repeatedly for each subject. We evaluate blood pressure 
using systolic pressure, which indicate maximum blood pressure, and a mean 
arterial pressure (MAP), which is the average over a cardiac cycle. MAP can be 
approximately determined from measurements of the systolic pressure  and the 
diastolic pressure  as following 
 				 ≅  +  − 
3
. (6.1) 
Experimental results are shown in Figures 6.3 and 6.4 Figure 6.3 shows the relation 
between PTT and systolic pressure. We evaluated three subjects. The horizontal 
axis of each graph shows systolic pressure  and the vertical axis indicates PTT. 
The blue dot in each graph shows a measurement. Each data have several dots 
since we measure PTT and blood pressure repeatedly for each subject. The 
correlation coefficient between PTT and systolic pressure are -0.6873, -0.6050 and 
-0.7546 respectively. 
Figure 6.4 shows the relation between PTT and mean arterial pressure (MAP). 
The correlation between PTT and MAP are -0.6148, -0.7801 and -0.5792 respectively. 
The results show some variation of correlation coefficient due to the subjects. The 
one of the reasons comes from the experimental condition. In this experiment, blood 
pressure as ground truth was measured after capturing movie for PTT. There were 
certain time gap and it changed in each experiment. 
As a prior art, Sugita at el. [36] evaluated the relation between PTT and blood 
pressure using contact device and confirmed the correlation coefficient -0.658 (The 
correlation coefficient is written as 0.658 in the paper originally). Kato at el. [37] 
also evaluated it using contact device and confirmed the correlation -0.848 using 
contact device. Hence our result of correlation coefficient also showed strong 
correlation coefficient between PTT and blood pressure and it is almost same as the 
result of the prior arts, even though our results was obtained by non-contact 
measurement whereas the prior arts obtain the results using contact measurement. 
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We also evaluated BVP measurements at several body parts as shown in Figure 6.5: 
bottom of foot, chest, top of foot and back of foot. The back of foot showed clear BVP 
wave. On the other hand, others did not show clear BVP wave. This result indicates 
that the selection of suitable measurement position is also important for our remote 
PTT measurement. The difference may be caused by the difference in skin thickness. 
This is a research subject for future work.  
In our experiment, the number of the subjects is limited. We have to evaluate 
more subjects in order to evaluate statistically significant differences. It is for 
future work.  
 
6.4. Discussion 
Yonezawa and I proposed a non-contact video based estimation method of pulse 
transit time (PTT) using the quantitation method of hemoglobin composition. The 
proposed method can measure PTT only by using video data which is captured 
remotely. It is very cost effective and it has potential to improve the usability of 
blood pressure measurement.  
We also evaluated the correlation between PTT measured by the proposed 
method and blood pressure measured by a sphygmomanometer cuff. As a result, we 
achieved high correlation between -0.5792 and -0.7801, which confirms the 
effectiveness of the proposed method. 
I acknowledge that there are several limitations in this study. In this thesis, we 
only evaluated Asian subjects. I have to confirm the effectiveness for Caucasian and 
Negroid subjects as well. Number of the subjects is also limited. I will evaluate more 
subjects for future work. There is much room for the improvement of the 
experimental setup. In our experiment, there were certain time gap between 
capturing video for the experimental data of PTT and blood pressure for grand truth. 
By using continuous sphygmomanometer, the time gap can be eliminated. The 
improvement of the hemoglobin estimation model might be effective to improve the 
stability and accuracy of the PTT measurement. 
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Figure 6.1.  Experimental setup for pulse transit time measurement. 
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Figure 6.2.  Example for the measurement of pulse transit time 
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Figure 6.3.  Relation between Pulse Transit Time and Systolic Pressure 
 
 
 
 
Figure 6.4.  Relation between Pulse Transit Time and Mean Arterial Pressure. 
              (Subject 1, 2 and 3 are all Asian.) 
 
 
 
 
  
 
 
 
 
Figure 6.5.  Difference of BVP Estimation Results at Each Observational Position 
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Chapter 7 
 
 
Video Magnification for Biomedical Dynamic 
Image from Chromophore Component 
 
 
 
In this chapter, I introduce a novel medical application to visualize blood flow under 
the surface by utilizing a video magnification framework and estimated hemoglobin 
information.  
A video amplification method, Eulerian video magnification (EVM), was originally 
proposed by Yu et al. [42]. The method shows the effectiveness to amplify slight 
change of facial color and can visualize the blood flow in human faces effectively. 
However, the conventional method was evaluated under stable condition of 
illumination. It is necessary to enhance the robustness against environmental 
change for practical use. Therefore, Kurita and I propose a novel method to amplify 
the variation of the chromophore component which is separated from shading 
component. We confirm that the proposed method can visualize blood flow in human 
face without having artifacts caused by shading change. We also apply the video 
amplification framework to a tongue movie as preliminary work for medical 
application and confirmed the effectiveness to visualize the blood pulse avoiding 
any clear artifacts. 
 
 
7.1. Aims and Motivation 
There are a lot of imperceptible, subtle changes out there. Skin color changes 
slightly due to the blood flow and the heartbeat component on skin surface can be 
detected remotely by analyzing the dynamic images [27,43]. Clothes are also 
slightly moving whole sleeping. It is possible to analyze the status of the respiration 
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by the video analysis [38]. These kinds of remote observation of physiological status 
hold great potential for healthcare applications, medical diagnosis, and affective 
computing. For example, the heart rate variability spectrograms (HRVS) are useful 
for remote monitoring of cognitive stress [15, 38] and driver’s awareness [22,58], 
since HRVS is related to the status of the autonomic nervous system, which controls 
involuntary body functions, such as breathing, blood pressure, and heartbeat. 
Yu et al. showed that Eulerian video magnification (EVM) can amplify slight 
changes of facial color and can visualize the blood flow in human faces [42]. The 
visualization of blood flow is beneficial to many healthcare and medical applications. 
The variation of facial blood flow can yield a clue to estimate affective status [59,60, 
61]. The detection of the difference of blood flow between a left foot and a right foot 
can provide useful information for the diagnosis of arteriosclerosis [62]. In surgical, 
the detection of blood vessels is useful to reduce the patient’s damage by preventing 
bleeding. The blood vessels under the surface are sometimes invisible. In that case, 
surgeons often estimate the position by referring anatomical a priori knowledge or 
by relying on sense of touch.  
The conventional EVM method shows the effectiveness under the stable 
photographic environment. The subjects are required to be stable in order to avoid 
the illumination change caused by the motion. The conditions of illuminations are 
also required to be constant during the capturing time. It is the limitation for the 
practical use. 
In this Chapter, therefore, Kurita and I propose new approach of video 
magnification based on the separation of chromophore component in order to 
enhance the robustness against illumination changes. As described in Chapter 3, 
Tsumura el al. [23] proposed a method to separate hemoglobin, melanin, and 
shading components from a skin image captured with a standard RGB camera. The 
method can extract hemoglobin component which vary according to the heartbeat 
and the method can eliminate shading component which is sensitive to illumination 
change. Therefore, we apply the separation method to EVM since the method can be 
expected to enhance the robustness against illumination change.  
The rest of this section is organized as follows. In Section 7.2, I describe the 
proposed EVM based on the separation of chromophore component. In Section 7.3, I 
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show the results of EVM to visualize blood flow in human face. In Section 7.4, I 
describe the modification of chromophore component separation for medical 
application and show the results of EVM using a tongue movie as preliminary work 
for medical application. In Section 7.5, I present our conclusions. 
 
7.2. Method 
In this section, I describe the video amplification method based on the separation of 
hemoglobin component.  
The overview of conventional Eulerian Video Magnification (EVM) is described 
in Section 2.5. In this chapter, I describe the detail process of the original EVM [42]. 
The original EVM [42], has two kinds of method to amplify subtle changes in video, 
the enhancement of small motion and that of small color change. We aim at an 
enhancement of small color change in video. Figure 7.1 shows the overview of the 
conventional EVM that amplify subtle color change. First, the method processes the 
spatially blurred video frames from input video frames to reduce locally random 
noise. Next, a temporal band-pass filter is applied to the blurred video in order to 
extract the component of temporal color change. Then, the band-passed video 
frames are synthesized with original input video frames multiplying gain factor.  
We apply the similar framework to enhance small color change.  
Figure 7.2 shows the framework of the proposed method. At first, a process of 
component separation is applied for each input video frames. The component 
separation for skin image is described in Chapter 3. The process extracts 
hemoglobin, melanin and shading component from RGB skin image. We expand the 
framework in order to extract hemoglobin component from biomedical image. (The 
detail will be described in section 7.4.) Next, a temporal band-pass filter is applied 
to the temporal frames of hemoglobin component. Then, the filtered hemoglobin 
component frames are synthesized with the original input video frames amplified 
with a gain factor. The fluctuation of hemoglobin component indicates heartbeat. 
The hemoglobin component is free from the environmental change such as variation 
in shading condition. 
 
 
Chapter 7  Video Magnification 
77 
7.3. Evaluation of blood flow in human face 
In this section, I show the experimental results of the proposed method for human 
face in order to confirm the validity of the framework which amplifies the extracted 
hemoglobin information. 
The experimental setup is as following. The camera is Pointgrey Grasshopper3 
(GS3-U3-23S6C-C). The frame rate is 60[fps], each video frame is 928x760 pixels, 
12bit RAW format, no compression. The lens is FUJINON DF6HA-1B, F1.2, focus 
length 6mm. The subject distance from the camera is 1.0m. The illumination, an 
artificial solar light (SOLAX XC-100), is used at a distance of 1.0m from a subject.  
Figure 7.3 shows the experimental results of video amplification for the 
visualization of blood flow in human face. The results include (a) the original video 
frames, (b) EVM result of conventional method [42], and (c) video magnification 
result by the proposed method. I used gain 50 for both the conventional EVM and 
the proposed method. It is hard to see the color change between each frame from the 
original video frames. The conventional method amplifies the color difference 
between each frame which stands for pulse wave in the subject's face. However, the 
conventional method also shows black line along the neck which is undesirable 
artifacts. The result shows that the conventional method mistakenly amplifies the 
shading component since it simply amplifies the pixel values of blurred image. On 
the other hand, the proposed method amplifies the pulse wave in the subject's face 
without having clear artifacts. The results show that the proposed method can 
successfully eliminate shading component in chromophores separation process and 
effectively enhance pulse signal by amplifying hemoglobin component. I confirmed 
the validity of the framework of proposed method. 
 
7.4. Pulse Detection for Medical Application 
In this section, I describe the modification of chromophore component separation for 
medical application and show the results of video amplification using a tongue 
movie as preliminary work for medical application. 
For a facial area described in section 7.2, we extract hemoglobin component 
utilizing two layered skin model which consist of melanin and hemoglobin. In this 
section, we also utilize similar approach to extract hemoglobin component from 
Chapter 7  Video Magnification 
78 
biomedical dynamic images. However, the surfaces of epithelium do not have 
melanin chromophores. We cannot apply the skin color plane for the purpose of 
extraction of hemoglobin component in medical images. Figure 7.4 show the 
temporal behavior of hemoglobin component in facial region and back of tongue 
respectively, which is extracted using skin color plane in Figure 7.3. 
The temporal behavior of the back of tongue does not show pulse when I use skin 
color plane, whereas the method works well in facial area. It is because that 
separation method described in Chapter 3 is designed for the separation of melanin, 
hemoglobin and shading components for skin. 
It is known that combination of two illumination wavelength, 415nm and 540nm, 
is effective for endoscope to visualize blood vessels under surface of epithelium 
[63][64]. Hence, we make a hypothesis that we can simply represent the existence of 
blood vessels using the mixture model of two substances. We collect images of back 
of tongue on vessel and off vessel respectively and defined tongue color plane which 
contain first and second principal component as described in Figure 7.5. The basic 
framework of the separation of chronopher is same as skin component separation. 
Figure 7.6 shows an example of the separation of tongue components. 
Figure 7.7 describes the experimental results of the video amplification using a 
tongue movie. The conventional method [42], (b), amplified the blurred image with 
gain 50. The proposed method, (c), amplified first independent component on tongue 
color plane with gain 50. The original video sequence, (a), does not show pulse 
signal between four frames. The results of conventional method, (b), shows the 
variation of undesirable dark region in each frame. The result indicates that the 
conventional method mistakenly amplifies the shading component since it simply 
amplifies the pixel values of blurred image. On the other hand, the result of the 
proposed method, (c), shows the periodical color variation on the surface of vessel 
without having artifacts. It indicates that the proposed method amplify a specific 
independent component which correlated with blood flow by eliminating shading 
component. 
   Figure 7.8 shows the pulse distribution in the tongue region. In red region, the 
wave of first independent component on tongue color plane shows periodical 
variation which is correspond to pulse signal, (c). Therefore, there is sharp peak 
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around 1 [Hz] (60 bpm: beat per minute) in frequency analysis by FFT. On the other 
hand, in green region, the wave of first independent component does not show 
periodical variation, (d). Hence, the frequency peak around 1 [Hz] (60 bpm) is lower 
than that of red region. We utilize the property to visualize the distribution of pules 
signal. The heat map, (b), shows the distribution of pulse signal which is calculated 
by taking the sum of the magnitude of frequency component from 1 [Hz] (60bpm) to 
1.4[Hz] (71bpm).It is useful to observe the detail distribution of pulse component 
more than video amplification. 
 
7.5. Discussion 
In this paper, we proposed a novel method of video amplification based on the 
separation of chromophore components. Using the test video data, we confirm that 
the proposed method can visualize blood flow in human face without having 
artifacts caused by shading change. We also apply the video amplification 
framework to a tongue movie as preliminary work for medical application. We 
defined the tongue color plane by ICA and we used the first competent for video 
amplification after we confirmed that the first component shows the periodical 
behavior caused by blood pulse. We also confirm the effectiveness video 
amplification using the first component of ICA. It can enhance blood flow avoiding 
the artifacts caused by shading change. Furthermore, we proposed heat map format 
to show the detail distribution of blood flow by analyzing magnitude of frequency 
component of pulse wave. 
At last, I mention the current limitations and future works. First, we evaluated 
small number of samples to examine the effectiveness as a preliminary work. The 
evaluation with large number of samples is necessary for future work. Second, we 
also have to think about how to assess the performance. In this paper, we evaluate 
the effectiveness of the enhancement of blood flow with eyes. We have to think 
about the method to access the performance quantitatively. Third, we have to study 
the scientific evidence of two mixture model for medical application. The effectives 
for the skin model have been evaluated previously [12, 19]. However, the mixture 
model for medical application is based on the hypnosis from the knowledge of 
[17,18]. It is important to confirm and evaluate the scientific evidence. It might to 
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lead optimization of illumination spectra. Forth, we also have to confirm the 
effectiveness for detection of blood vessels at medical front. As a next step, we also 
have to study usability to switch between the usual observation and the 
enhancement mode we propose this time. Fifth, the real time processing also 
remains for future work. Currently the processing is done by Matlab code after 
taking video sequence. Thinking about implementation as a product, hardware 
processing such as ASIC is necessary for real time processing. 
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Figure 7.1. Overview of Conventional Eulerian Video Magnification [42] 
 
 
 
 
Figure 7.2. Framework of Video Amplification for Biomedical Dynamic Image 
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(a) 
 
(b) 
 
(c) 
Figure 7.3. Video amplification to visualize blood flow in human face.  (a) Four 
consecutive frames from the original video sequence.  (b) Four consecutive frames
whose pulse signal is amplified by conventional method [42].  (c) Four consecutive 
frames whose pulse signal is amplified by proposed method. 
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(a) 
 
 
(b) 
  
Figure 7.4. Behavior of extracted hemoglobin component   (a) in skin 
region.  (b) on the back of tongue 
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Figure 7.5. Model of the combination of the chromophore components 
on the back of tongue. 
 
 
 
   
(a) 
 
(b) 
 
(c) 
 
Figure 7.6. Results of extracted components on the back of tongue. (a) The 
distribution of first vector component.  (b) The distribution of first vector 
component.  (c) The distribution of shading component. 
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(a) 
 
 
 
 
 
 
 
(b) 
 
 
 
 
 
 
 
(c)  
 
 
Figure 7.7. Video amplification to visualize blood flow on the back of tongue.  (a) Four 
consecutive frames from the original video sequence.  (b) Four consecutive frames whose 
pulse signal is amplified by conventional method [42].  (c) Four consecutive frames whose 
pulse signal is amplified by proposed method. 
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(a) 
 
 
(b) 
 
 
(c) (d) 
Figure 7.8. The distribution of the pulse intensity.   (a) A frame of original video. 
(b) The distribution of the pulse intensity in heat map format.  (c) The first vector 
component and its frequency analysis in red rectangle region.  (d) First vector 
component and its frequency analysis in green rectangle region. 
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Chapter 8 
 
 
Conclusion and Discussion 
 
 
 
8.1. Conclusion of the thesis  
The contributions of this thesis can be divided into three parts. Firstly, I proposed 
non-contact video based monitoring method for heart rate and heart rate variability 
spectrograms by utilizing skin optics framework. By considering skin optics, I could 
improve the accuracy of the detection of heart rate and heart rate variability 
spectrograms. This could also eventually lead to the enhancement of the robustness 
for future practical usage under various illumination changes since the shading 
component is removed through the process to extract hemoglobin information. 
Secondly, I proposed the non-contact video based measurement of pulse transit time 
between the position of the hand and face of the subjects, which is useful for 
detection of blood pressure. Thirdly, I explored the potential medical application 
based on the chromophore component separation. I proposed the framework of novel 
video magnification based on the hemoglobin information extracted from each input 
RGB video frames. The proposed method can successfully enhance the 
unperceivable periodical color fluctuation in biomedical movie and visualize the 
pulse wave avoiding the artifact caused by local shading pulsing motion. From now, 
I will conclude each section as follows. 
In Chapter 2, I introduced the related works for video based measurement of 
heart rate and heart rate variability spectrograms. I explained the trend of the 
remote heart rate detection, whose accuracy is recently getting precise according as 
the advancement of sensor technology[27], by utilizing a specialized sensor such as 
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5 band sensor (RGBCO)[15,30,31], or by utilizing simple skin model[28,32,33,34]. I 
also mentioned that these prior arts were evaluated under the environmentally 
constant condition and it is necessary to enhance the robustness against 
environmental change for practical use. I also mentioned the knowledge of skin 
optics can possibly contribute to solve the problem. I also introduced the related 
works on remote detection of pulse transit time, blood pressure and video 
magnification method, which is related to our later proposal of medical applications.  
In Chapter 3, I described the estimation methods for skin components which 
have been proposed by Tsumura el al. [23]. The method extract skin components 
such as melanin, hemoglobin and shading component from a captured RGB image 
based on the model of skin optics.  
In Chapter 4, I proposed non-contact video based estimation for heart rate (HR) 
and heart rate variability spectrogram (HRVS) based on the extracted hemoglobin 
information. I evaluated HR and HRV of 4 subjects at rest and under cognitive 
stress by using the proposed method which uses the separated hemoglobin 
component. From the results of the experiments, the proposed method showed a 
high accuracy of HR detection. The accuracy of HR detection was from 98.85% to 
99.94% compared with the electrocardiograph (ECG). The results of ECG assumed 
as the ground truth. Compared with conventional methods [15,28], I also confirmed 
that the proposed method gave consistent result of R-R interval and its HRVS 
compared with those taken by ECG. 
In Chapter 5, I described improvements of non-contact video based estimation of 
heart rate variability spectrogram (HRVS) using Welch FFT method. I evaluated 
the improvements of non-contact video based estimation of HRVS. I put three 
improvements; (i) an adaptive non-rectangular region of interest selection using 
automatically detected facial feature points; (ii) improved peak detection from the 
blood volume pulse (BVP) signal; (iii) improved HRV calculation using the Welch 
FFT method. I confirmed the effectiveness of the improvement since the improved 
method is better consistent with the HRVS taken by ECG compared with original 
method. 
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In Chapter 6, I showed that the proposed method in Chapter 4 and Chapter 5 
has much potential for medical applications. It is known that pulse transit time 
(PTT) between two points on subject has inverse proportional relation with blood 
pressure. I estimated PTT between hand and face of the subjects by using temporal 
fluctuation of hemoglobin information. The experiments were conducted with 3 
subjects after exercise, which is more practical situation from previous study on 
remote PTT detection. I confirmed that the PTT had high correlation with the blood 
pressure measurement with sphygmomanometer cuff, whose R, correlation 
coefficient, was between -0.5792 to -0.7801. I confirmed that the proposed method 
could estimate blood pressure almost same level as the estimation by PTT measured 
by contact device.  
In Chapter 7, I also proposed, aiming for a novel medical application, a video 
magnification based on separation of chromophore components for the purpose of 
the visualization of vessel position under the surface of inside body. I confirmed that 
the proposed method could successfully enhance the unperceivable periodical color 
fluctuation in biomedical movie and visualize the pulse wave avoiding the artifact 
caused by local shading pulsing motion. 
As the summary of the conclusions for this thesis,  I confirmed that the skin 
optics framework is effective for the accurate detection of heart rate and heart rate 
variability spectrograms. I also confirmed the effectiveness of remote PTT 
measurement based on the extracted hemoglobin information. I also confirmed that 
the framework based on the chromophore component separation has much potential 
for further medical application by the proposed visualization method of blood vessel 
distribution.  
 
8.2. Discussions  
In this section, I mention the current limitations and future works at first. Then, I 
also mention the future outlook of remote measurement of vital sign. 
 
8.2.1. Limitations and Future Works 
(1) Remote Detection of Heart Rate and Heart Rate Variability Spectrums 
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In this thesis, I evaluated limited number of subjects for the remote detection of 
heart rate and heart rete variability spectrums. Our experiments were still 
conducted under the condition with no large motions of the subjects during the 
experiments. It is necessary to evaluate under the conditions with large motion 
during the experiment. It is also important to evaluate the proposed method under 
various kinds of illumination change to conform the robustness more. 
The remote HRVS detection has much potential not only for medical application 
but also affective computing. The affective computing might be useful for medical 
front as well. (e.g. detection of fatigue, observation of patient mental status)  
(2) Remote Estimation of Blood Pressure by the Detection of Pulse Transit Time 
There is much room for the improvement of the experimental setup. In our 
experiment, there were certain time gap between capturing video for the 
experimental data of PTT and blood pressure for grand truth. By using continuous 
sphygmomanometer, I can eliminate the time gap. 
(3) Video Magnification and Visualization of Blood Vessel Distribution 
I could enhance slight movement caused by pulse wave by using video 
magnification using hemoglobin information. However, I have to think about how I 
should assess the performance quantitatively. In this thesis, I evaluated the 
effectiveness subjectively by watching the processed movies. It is necessary to 
evaluate video magnification methods quantitatively for objective bench marking 
in the technical field. 
I also have to study the scientific evidence of chromophores model for medical 
images. Many studies on skin optics have been accomplished in order to figure out 
the mechanism skin reflection. There prior studies are effective for the model of 
chromophore component separation in a skin image. For medical images, the most 
of studies are to examine the behavior of image appearance by changing imaging 
condition such as illumination spectral. It is important to clarify the physical 
mechanism of reflection on the surface of inside body. It must be effective for the 
modeling of the chromophore component separation in a medical image. 
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8.2.2. Future Outlook 
An accurate and robust measurement of vital sign is important for actual use of 
healthcare applications and medical applications. High image quality is impotent to 
enhance the accuracy and the robustness. Sensor technologies have been making 
progress there days. Figure 8.1 shows the progress of CMOS image sensor in 
industry. In 2008, Sony developed back side illumination (BSI) CMOS image sensor 
[71]. The BSI sensor increased the amount of light that enters each pixel by putting 
a layer of photo diode soon under the color filter. (The conventional 
front-illumination structure had a photo diode layer under metal wiring layer.) In 
2012, Sony developed second-generation BSI Sensor [72]. The sensor has stacked 
two layered structure to expand area of pixel section by putting circuit section on 
the second layer. Panasonic announced first 123dB simultaneous-capture 
wide-dynamic-range technology using organic-photoconductive-film for CMOS 
image sensor. [73] The improvements of image quality will have positive impacts on 
the actual usage of remote vital sensing. 
Another trend of CMOS technology will also create the opportunity to improve 
the quality of remote vital sensing. In 2017, Panasonic announced first organic 
CMOS image sensor with electrically controllable near-infrared light sensitivity 
[74] This technology enables to switch between modes of color imaging and NIR 
imaging frame by frame without a mechanical IR cut filter required for 
conventional image sensors. NIR light has potential for healthcare and medical 
application since it well penetrates in human tissue. In 2016, Sony presented the 
four-directional pixel-wise polarization CMOS image sensor [75]. It might be useful 
to simplify light reflection model by eliminating direct reflection. In 2017, Sony 
developed the industry's first 3-Layer stacked CMOS Sensor with DRAM layer 
[76].The sensor capture super slow motion movies at up to 1,000 frames per second. 
This is obviously useful for PPT detection. I think that the progress of sensor 
technology will give positive impacts on the actual usage of remote vital sensing. 
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Figure 8.1.  Progress of CMOS image Sensor in Industry 
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